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Membrane ﬂuidityDiffusion time distribution analysis has been employed to highlight the microﬂuidity ﬁngerprint of plasma
membrane of living cells. Diffusion time measurements were obtained through ﬂuorescence correlation spec-
troscopy performed at the single cell level, over various eukaryotic cell lines (MCF7, LR73, KB3.1, MESSA and
MDCKII). The nonsymmetric proﬁle of the diffusion time distributions established experimentally, is dis-
cussed according to Monte Carlo simulations, which reproduce the diffusion of the ﬂuorescent probe in het-
erogeneous membrane.
© 2012 Elsevier B.V. All rights reserved.1. Introduction
The understanding of the plasma membrane organization requires
powerful tools, for example to decipher and study submicronic do-
mains. A typical membrane is a ﬂuid assembly of hundreds of different
lipids and proteins. All these molecules interact with each other
through different physical interactions which take place at the nano-
scale, such as Van derWaals forces, electrostatic forces, or hydrophobic
forces. These fundamental molecular interactions give rise within the
bilayer to laterally differentiated areas, characterized by a speciﬁc com-
position and packing, the so-called lipid rafts, corrals, and caveolae for
example [1,2]. Moreover, proteins anchored to the cytoskeleton can
provide effective fences or corrals, which lead to transient or permanent
membrane domains [3]. This small lateral organization implies differen-
tiation and compartmentalization of the lipid bilayer and has conse-
quences onto the diffusional properties of membrane-bound
molecules, such as enzymes and receptors. Its local organization may
also inﬂuence the kinetics of chemical reactions and thus supportmem-
brane functions, such as signaling, protein and lipid trafﬁcking, or cell
growth [4,5]. The lateral bilayer structure is still not well established,scopy; GUV, giant unilamellar
ng; ACF, autocorrelation func-
+33 3 25718456.
rights reserved.especially regarding small heterogeneities called microdomains. The
reason is that the spatial scale of these domains is signiﬁcantly beyond
the diffraction limit of optical microscope. It is thus experimentally dif-
ﬁcult to directly visualize and investigate them in living cells.
Since membrane heterogeneities constrain molecular dynamic
and thus locally alter plasma membrane ﬂuidity [6], membrane ﬂuid-
ity can be measured and quantiﬁed as relevant biophysical parameter
in the investigation of membrane microorganization of living cells.
Currently, well-known methods such as ﬂuorescence recovery after
photobleaching (FRAP) or ﬂuorescence anisotropy are widely used
to study membrane ﬂuidity. However these methods require a high
concentration of dye molecules for labeling, which can locally perturb
the membrane ﬂuidity. Single molecule ﬂuorescence spectroscopy
techniques constitute an original experimental approach to overcome
this invasive aspect [7]. Among the single molecule techniques, ﬂuo-
rescence correlation spectroscopy (FCS) is becoming a popular ana-
lytical method, well suited to investigate the ﬂuidity of biological
membranes through the lateral diffusion of a ﬂuorescent membrane
probe. The potential of FCS to relate heterogeneity in model and nat-
ural membranes was previously demonstrated [8,9]. FCS measure-
ments at different spatial scales were also done to probe membrane
domains organization with so-called FCS diffusion laws [10–12].
Based on FCS, diffusion-time distribution analysis (DDA) was recently
applied to analyze heterogeneous samples such as plasma membrane
of living cells [13,14]. In this paper, we propose to explore the plasma
membrane ﬂuidity of several cell lines (MCF7, LR73, KB3.1, MESSA,
Fig. 1. Diffusion time mapping on a MDCKII cell. (a) Fluorescence image of a DiA labeled cell (bar=5 μm). (b) Diffusion time mapping: 10×10 pixel image on a 5 μm square area of
plasma membrane. (c) The corresponding diffusion time distribution. Autocorrelation functions were ﬁtted by Eq. (1).
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ﬂuidity ﬁngerprint of living cells. For this, we implement at the single
cell level a multi point FCS measurement. To obtain the microﬂuidity
mapping of the plasma membrane we probe the diffusion of a small
amphiphile dye (DiA), well known to label homogeneously the mem-
brane of cells (no speciﬁc targeting). Additionally, we propose a sim-
ulation based on a Monte Carlo model to correlate the membrane
microﬂuidity distribution with their organization in terms of viscous
microdomains.
2. Materials and methods
2.1. FCS measurements
To know more about cell culture, see sample preparation and FCS
measurements in the Supplementary material. In order to avoid per-
turbations due to the biological material inside the cell, measure-
ments were performed on the plasma membrane in contact with
the glass substrate (in practice at the vicinity of the glass–water inter-
face). Plasmamembrane is precisely localized by moving the observa-
tion volume, see Supplementary material, Fig. S2. Fig. 1 shows a
diffusion time mapping on an MDCKII cell obtained with repeated
measurements of 4 s, along with a 10×10 grid with 500 nm steps.
This picture clearly conﬁrms the heterogeneous nature of plasma
membrane at the submicronic scale.
We need at least 20 to 30 s of time recording to obtain a satisfying
ACF accuracy, see Supplementary material, Fig. S3. Unfortunately,
cells can move after few tens of minutes and it is difﬁcult to perform
an important number of measurements on a single cell. Therefore weFig. 2. Typical ACF on cells membrane ﬁtted by the “Anomalous 2D” and “free 2D”
models. Values from these ﬁts are: “free 2D diffusion” (red curve): p=0.28,
τp=2.0 μs, τ2Dfree=2.00 ms, F2D=0.94, N=4.06. “Anomalous 2D diffusion” (blue curve):
p=0.27, τp=2.1 μs, τ2Dano=1.89 ms, α=0.95, F2D=0.98, N=4.07. The normalized resid-
ual sum of squares (see in the Supplementary material) of these ﬁts is respectively:
bRSS>free2D=1.66.10−5 and bRSS>Anomal2D=1.62.10−5.choose to target ~25 points of measurement on the plasma mem-
brane of each cell, according to a 5×5 grid pattern of 4 μm step.
Each FCS measurement was then recorded during 30 s. In these con-
ditions, it was necessary to study several cells of a same line to obtain
enough measurements to build an acceptable diffusion time distribu-
tion. Thereafter, all data were represented as probability density his-
tograms. The column bin size was ﬁxed at 0.33 ms. This value was
determined by the measurement of the diffusion time relative uncer-
tainty, estimated at 0.16 (or 16%) through 8 series of 5 consecutive
measurements recorded on different areas of the plasma membrane.
2.2. Monte Carlo simulation
Monte Carlo simulation has been implemented to numerically re-
produce FCS experiments on heterogeneous cells membrane and pro-
vide a numerical support to data analysis. To simulate diffusion in
membrane, ﬂuorescent molecules are randomly incorporated in a
2D square mesh, Supplementary material Fig. S5(a). The width of
the elementary pattern, named box, is 5 nm. The excitation laser
beam is supposed to be Gaussian and centered on the lattice. The ra-
dius of the illuminated observation area is given by the beam waist,
ωo=226 nm. The total size of the simulation area is 5 times larger
than ωo to avoid any side effects. The total number of molecules in
the simulation window corresponds to a mean number N of one dye
in the illuminated area. In order to simulate various proportions and
viscosity of membrane heterogeneities, a relative viscosity value, be-
tween 0 and 1, is randomly attributed to each box of the simulation
window (1 represents an impermeable viscous box and 0 is a stan-
dard ﬂuid one). Each ﬂuorescent molecule follows a random walk
from a randomly selected starting position. The random walk was
performed as following:
• at each time step, an adjacent box is randomly selected,
• the probability to effectively jump into this new box is given by the
relative ﬂuidity of the incoming box, deﬁned as relative ﬂuidity=1−
relative viscosity, and
• if the molecule goes out of the simulation window, a new one is
randomly inserted in the border.
108 steps are necessary to calculate each trajectory. At each time
step, the detected intensity is computed assuming a ﬂuorescence sig-
nal directly proportional to the Gaussian laser illumination proﬁle,
Supplementary material Fig. S5(a) and (b). The autocorrelation func-
tion of this simulated ﬂuorescence signal was then calculated
according to a logarithmic progression. A typical simulated ACF is
shown in the Supplementary material Fig. S5(c).
2.3. Fitting function
The choice of an analytical ﬁt function is a crucial point for data
analysis in FCS. To ﬁt ACF recorded on cells membrane, two standard
models can be used, as seen in the literature. The ﬁrst one is based on
a free 2D diffusion model, and the other one on an anomalous 2D
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displacement of diffusing particle is proportional to time (〈r2〉∝ t).
Heterogeneities of the medium (proteins, microdomains, cytoskele-
ton…) may lead to constrained diffusion, named anomalous diffusion,
in which the mean-square displacement 〈r2〉 is no longer proportional
to time t, but rather to tα, with α≤1 [17,18]. Anomalous diffusion is
commonly used to describe protein diffusion in the presence of rafts
in model and biological membranes [19].
2.3.1. Free 2D diffusion with residual 3D diffusion
This model describes the simultaneous translational diffusion of
both fast (3D) and slow (2D) components, according to the contribu-
tion of DiA molecules diffusing respectively through the membrane
and molecules diffusing in the plasma membrane [14]. The short in-
crease observed on the ACF at time scale smaller than ~1 μs is charac-
teristic of the singlet-triplet dynamics. The ﬁt function related to this
model is given by:
G τð Þ ¼ G ∞ð Þ þ 1
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N is the average number of diffusing molecules. The term p depicts
the fraction of DiA molecules in a nonﬂuorescent state, which appears
for singlet triplet dynamics [20]. The characteristic time related to
such nonﬂuorescent processes is named τp. τ2Dfree and τ3D are diffusion
times for 2D and 3D diffusion respectively, and S characterizes the
axial elongation of the observation volume (i.e. the ratio of axial to ra-
dial dimensions of the observation volume). G(∞) is the limiting value
of G(τ), which generally tends to unity. F2D is the average fraction of
molecules diffusing in two dimensions in the membrane, and 1−
F2D is the residual contribution of small aggregates of DiA molecules
which freely diffuse near or through the membrane. DiA is an amphi-
phile molecule which can give rise to small micelles in water by self
assembly. Such kind of aggregate emits almost no more ﬂuorescence
signal and their diffusion time recorded in water is similar to τ3D ob-
served near the plasmamembrane. The total number of parameters of
this ﬁtting function is obviously quite high and we have ﬁxed S and
τ3D to their mean values to improve the accuracy of τ2Dfree measure-
ments. A preliminary study of 15 measurements on several MCF7
and LR73 cells allowed us to determine bτ3D>=60 μs and bS>=7.
The value of τ3D compared with the small size of DiA can be explained
by the formation of micelles. Typical values of the ﬁtting parameters
are p~0.5, τp~1.5 μs, N~5, F2D∼8, 85 and 1bτ2Dfreeb10 ms.Fig. 3. (a) DiA diffusion time distribution in the plasma membrane of MCF7 cells. (b) Diffusio2.3.2. Anomalous 2D diffusion with residual 3D diffusion
Alternatively, anomalous diffusion is often used to describe diffu-
sion in membranes. The ﬁt function related to an anomalous 2D diffu-
sion model and taking into account the triplet dynamics is given by
the following equation: [15]
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This model differs from free 2D diffusion in the presence of an α
parameter, which relates to the degree of diffusion constraint. In the
case of Brownian motion, α=1, else 0bαb1 and the diffusion is
anomalous. α decreases when the obstacles concentration increases
[21]. Two parameters can be obtained through this ﬁt: the local diffu-
sion time τ2Dano of the membrane and the local α parameter, which
quantiﬁes the deviation from free diffusion, and then from the local
heterogeneity of the membrane. As shown in the example in Fig. 2,
the two models provided a very good ﬁt of experimental ACF. The
choice of the most signiﬁcant ﬁt is discussed in the following section.
2.3.3. Comparison between the two models: experimental evaluation
In order to determine the most signiﬁcant ﬁt, the two models have
been tested on two cell populations called LR73/S and LR73/R. LR73/S
denotes LR73 cells sensitive to doxorubicin, a chemotherapeutic drug.
LR73/R cells are LR73 cells transfected by the MDR1 gene of a mem-
brane transporter, the P-glycoprotein, which confers a drug-resistant
phenotype. In a previous work, we have shown that LR73/R plasma
membrane is more viscous and heterogeneous than the LR73/S one
[14]. We performed once again FCS measurements on these two cell
lines and ACF is ﬁtted either by the free 2D diffusion model or by the
anomalous 2D diffusion model, respectively. The mean value and the
standard deviation of τ2Dfree, τ2Dano and α are given in Table 1. As shown
in reference [14], the mean value of the diffusion time is signiﬁcantly
higher in resistant cells than in sensitive cells, whatever themodel cho-
sen. On the contrary, α does not allow to distinguish differences in
membrane heterogeneity between these two cell lines. Indeed bα>
and σα are very similar between LR73S and LR73R (Table 1), whereas
plasma membrane of resistant cells is more heterogeneous. So, ﬁnally
α gives here no supplementary information to analyze our data.
2.3.4. Comparison between the two models: numerical evaluation
To conﬁrm the result obtained on LR73 cell lines, the two ﬁtting
functions have been used on numerically simulated ACF. Hence, wen coefﬁcient distribution. Diffusion coefﬁcient was calculated according to D=ωo2/4τ2D.
Table 1
LR73/S and LR73/R cell lines: comparison of the ACF ﬁtting values (in ms) from the free
2D diffusion model and the anomalous 2D diffusion model.
τ2Dfree(ms) τ2Dano(ms) α
〈τ2Dfree〉 στ2Dfree 〈τ2D
ano〉 στ2Dano 〈α〉 σα
LR73/S 2.35 0.77 2.34 1.13 0.92 0.10
LR73/R 3.51 1.92 2.94 1.45 0.90 0.11
Table 3
Statistical parameters of diffusion time distribution for several cell lines. The last col-
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diffusion in a homogeneous membrane, and the second one simulat-
ed diffusion in a membrane with 50% of impermeable microdomains.
For each experiment, 100 runs are performed. Since this simulation
concerns pure 2D diffusion and does not take into account the triplet
dynamic and residual 3D contribution, ACF was ﬁtted by each follow-
ing functions:
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The mean value and standard deviation for each parameter
obtained from these ﬁts are summarized in Table 2. Here again, sim-
ilar results are obtained with each model. The mean values 〈τ2Dfree〉 and
〈τ2Dano〉 relate here again the plasma membrane heterogeneity, since
the simulated membrane which includes 50% of viscous boxes pre-
sents the higher mean value. Thus conﬁrms the relevance of this pa-
rameter to evaluate membrane structuration. On the contrary, α
does not allow here to distinguish free diffusion and constrained dif-
fusion due to viscous areas, see Table 2. In our case, α brings no sup-
plementary information related to membrane organization in terms
of amount of viscous heterogeneities. These results conﬁrm experi-
mental conclusions: if all simulated and experimental ACF can be
ﬁtted with model describing either free or anomalous diffusion with
a similar accuracy, α parameter presents here a weak importance
for data analysis.
2.3.5. Discussion
Other studies reported in the literature suggested that anomalous
diffusion model has to be employed cautiously in FCS, because of the
lack of physical meaning of α parameter [15,22,23]. In our case, ex-
perimental and numerical evaluations of the anomalous diffusion
model show that the α parameter does not reﬂect the membrane
structuration. It is particularly clear in the case of Monte Carlo simu-
lation, where the anomalous model provides the same α value with
or without viscous domains. This can be explained by the relative
sizes of the observation volume and membrane heterogeneities. In-
deed, if the observation volume is smaller than membrane heteroge-
neities, free diffusion is observed. For an intermediate size, constraint
effects become signiﬁcant and anomalous diffusion becomes clearly
visible. Then, if the observation volume increases more and more, dif-
fusion seems to be free again. In this last case, it will be an apparentTable 2
Simulated ACF. Comparison of parameters (in number of iterations) from the free 2D
diffusion model and the anomalous diffusion model.
τ2Dfree τ2Dano α
〈τ2Dfree〉 στ2Dfree 〈τ2D
ano〉 στ2Dano 〈α〉 σα
Homogeneous membrane 1719 459 1703 498 0.90 0.09
Presence of 50% of impermeable
microdomains
2400 716 2390 789 0.91 0.08free diffusion, with an apparent diffusion coefﬁcient D higher than
the previous local one [24,25]. As anomalous model does not appro-
priately describe the physics of our present systems, it becomes rea-
sonable to use the free 2D diffusion model (Eq. (1)) to analyze our
autocorrelation functions.
3. Results and discussion
3.1. Fluidity distribution of living cells
3.1.1. Diffusion time distribution at the cell line level
An important number of FCS measurements over many different
cells (see Table 3) allow us to establish the DiA diffusion time distri-
bution of MCF7 cell line, Fig. 3(a). This distribution is clearly broad
and right skewed. The dispersion of τ2Dfree measurements is obtained
through an evaluation of the standard deviation, στ2Dfree=2.0 ms. The
mean diffusion time 〈τ2Dfree〉 is 3.8 ms. As diffusion time is related to
the waist of the observation volume by τ2Dfree=ωo2/4D, it is possible
to obtain an absolute measure of ﬂuidity through the diffusion coefﬁ-
cient D. The corresponding distribution D is shown in Fig. 3(b). D co-
efﬁcients were calculated using a waist of ωo=226±10 nm
previously calibrated with Rh6G in water [26,27] (see Supplementary
material). However, precise evaluation of the waist is not a trivial
problem because the observation volume proﬁle depends on the
emission wavelength and on the ratio of laser excitation power to sat-
uration intensity of the membrane probe [28,29]. Since the diffusion
coefﬁcients are affected by the waist uncertainty, we have focused
only on the analysis of the diffusion time distributions.
3.1.2. Typical diffusion time distribution at the single cell level
If one looks at the diffusion time distribution of DiA in MCF7 cells
(Fig. 3(a)), one wonders about the origin of the broadening, which
can be assessed through the evaluation of στ2Dfree. First of all, uncertainty
evaluations clearly show that the width of the diffusion time distribu-
tion is not inﬂuenced by the experimental errors. The problem of ac-
curate data evaluation in FCS requires a perfect knowledge of the ACF
variance, or the ACF standard deviation. In the absence of a standard
easy model to depict noise in FCS data, a good approximation of the
ACF variance can be obtained from a set of repeated measurements
on the same area, under identical conditions (same laser power…).
As explained in the Materials and methods section, we obtained a
diffusion-time relative uncertainty of about 0.16, which is deﬁnitively
less than the ratio of στ2Dfree to 〈τ2D
free〉, as shown in Table 3. Thus, the
broadening of the distribution is not related to the measurement un-
certainty. It can thus be attributed only to heterogeneities either be-
tween the MCF7 cells, or at the single cell level (i.e. intrinsic of the
plasma membrane). To elucidate the source of the distribution broad-
ening, we have built the diffusion time distribution of a typical MCF7
single cell. Since it is difﬁcult to record an adequate number of mea-
surements on one cell, we have performed measurements on several
cells. To avoid disparity between cells, measurements on the kth cell
were normalized through the following procedure:umn quantiﬁes the part related to intrinsic plasma membrane heterogeneity in the
broadening of the distribution at the cell line level.
Number
of cells
Number
of points
τ2Dfree(ms)
〈στfree2D; single cell〉
σ
τfree
2D; cell line〈τ2Dfree〉 〈στ2D, single cellfree 〉 στ2D, cell linefree
MCF7 45 920 3.8 1.6 2.0 81%
LR73 22 315 2.3 0.7 0.8 85%
KB3.1 26 512 2.9 0.7 0.9 81%
MESSA 22 486 2.8 0.9 1.1 85%
MDCKII 22 477 3.4 1.3 1.4 92%
Fig. 4. (a) Centering of the diffusion time distribution measured on one single cell. This ﬁgure clearly shows that measurements performed on one cell are not enough to build a
distribution with a good statistical accuracy. (b) Reduction of the centered distribution: for each series of measurement, the distribution is divided by its standard deviation.
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• division by the standard deviation στ2D, kfree , as shown in Fig. 4(b).
At the end of this normalization procedure, we obtained a series of
normalized values for each cell, with a zero mean value ~τ free2D ¼ 0
 
and unitary standard deviation ~σ τfree2D
¼ 1
 
. Finally, measurements
on different cells can be added with each other to build a new distri-
bution with a good statistical accuracy, Fig. 5. Because of the normal-
ization procedure, this distribution needs to be rescaled as followed:
• multiplication by the mean value of standard deviations 〈στ2Dfree〉
obtained for each series of measurement (one series per cell), and
• addition of the mean value 〈τ2Dfree〉 of all measurements.
The resulting DiA diffusion time at the single cell level for MCF7
cells is shown in Fig. 6(a). The shape of this new distribution is similar
to the one obtained for the cell line, and its width is a little bit smaller
than the cell line one, Fig. 3(a). Indeed, the ratio of 〈στ2Dfree〉 (which gives
the broadening of the diffusion time distribution of a typical single
cell) over στ2Dfree, (which corresponds to the broadening over the cellFig. 5. Building of the diffusion time distribution at the single cell level. Thanks to the norma
ments on several cells could be added.line) reveals that only 19% of the diffusion time width of MCF7 cell
line is inﬂuenced by heterogeneities between cells, see Table 3. This
distribution can be ﬁtted by an analytical function, the Gumbel distri-
bution f(τ2D), given by the following expression:
f τ2Dð Þ ¼
1
β
e−
τ2D−μ
β e−e
−
τ2D−μ
β
: ð5Þ
μ and β parameters are respectively the maximum of probability and
the distribution width. (A comparison between symmetric and asym-
metric ﬁtting distributions is given in the Supplementary material Fig.
S6.) The main advantage of Gumbel distribution is to supply a simple
analytical expression, although no mathematical model related to
membrane organization could be established to provide a physical
meaning for this ﬁt. μ and β can be related to the mean value 〈τ2D〉
and standard deviation στ2D of the distribution by:
μ ¼ 〈τ2D〉−0:5772β ð6Þlization procedure, the disparity between cells is not taking into account and measure-
Fig. 6. Typical diffusion time distribution at the single cell level for several cell lines. All graphics have the same scale. Panel (b) shows the comparison between the typical diffusion
time distribution of an MCF7 cell and GUV (system with homogeneous membrane). Statistical parameters extracted from these distributions are given in Table 3. All the histograms
are ﬁtted with a Gumbel function (the colored curves) according to Eq. (5).
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Similar results have been obtained on the other cell lines studied
(LR73, KB3.1, MESSA, MDCKII). All distributions show the same
right skewed asymmetric proﬁle as shown in Fig. 6 and can be ﬁtted
by Gumbel distribution. The mean value and the standard deviation
depend on the cell line, as summarized in Table 3.
To summarize, we built several diffusion time distributions which
display the plasma membrane ﬂuidity at the single cell level, Fig. 6.The width of all these new distributions is a little bit smaller than the
original ones related to the cell line. Indeed, aswe explained it's possible
to highlight the weight of heterogeneities between cells on the broad-
ening of the diffusion time distribution at the cell line level, by calculat-
ing the ratio of 〈στ2D, sin glest cellfree 〉 over στ2D, cell linefree . As indicated in the last
column of Table 3, the width of all distributions at the cell line level is
poorly affected by heterogeneities between cells. Thus, the shape and
the broadening of diffusion time distribution are mainly governed by
local heterogeneity, intrinsic to plasmamembrane, and not by disparity
between cells. Moreover, Fig. 6(b) shows the superposition of ﬂuidity
distributions measured on giant unilamellar vesicles (GUV), which are
Fig. 7.Monte Carlo simulation. (a) Relative variation of the mean value (gray triangles) and the standard deviation (black circles) of the diffusion time distribution depending on the
amount of simulated domains (of relative viscosity 0.8). (b) Diffusion time distribution in two extreme cases: homogeneous membrane (grey) and membrane with 50% of a viscous
domain (relative viscosity 0.8) (striped). The histograms are ﬁtted with a Gumbel function according to Eq. (5). (c) Relative variation of the mean value (gray triangles) and the
standard deviation (black circles) of the distribution depending on the viscosity of simulated domains (20% proportion). (d) Diffusion time distribution in two extreme cases: ho-
mogeneous membrane (grey) and membrane with 20% of impermeable domains (relative viscosity 1) (striped). The histograms are ﬁtted with a Gumbel function according to
Eq. (5).
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vesicles (GUV) were prepared by using the rapid evaporation method
with dioleoylphosphatidylcholine (DOPC) [14]. The diffusion time dis-
tribution on GUV is signiﬁcantly sharp and more symmetric than
these on cells. According to this result, we propose in the following sec-
tion to examinewithMonte Carlo simulation if the shift of distributions
toward long diffusion times can be linked to small viscous areas, where
diffusion slows down.3.2. Inﬂuence of plasma membrane microorganization on diffusion time
distribution
In the previous section, experimental results allowed us to establish
the diffusion time distributions at the single cell level for several cell
lines. The asymmetric shape of these distributions strongly suggests the
existence of slow diffusion areas in the plasma membrane, probably re-
lated to heterogeneities such asmicro-domains. To conﬁrm the hypothe-
sis of a correlation between diffusion-time distribution shape and
presence of small viscous domains in plasma membrane, Monte Carlo
simulations have been performed by gradually increasing the amount
and the relative viscosity of viscous areas in the simulation windows.Many simulations were performed for each condition, typically 200, in
order to obtain diffusion times histograms, as for real experiments.
3.3. Inﬂuence of the amount of viscous areas
Viscous boxes of relative viscosity 0.8 were randomly distributed
in the simulation window at different proportions, from 0 to 50%.
Fig. 7(a) shows the relative variation of mean value and standard de-
viation of diffusion time distributions depending on the amount of
viscous domains. Fig. 7(b) presents the two extreme distributions,
one for 50% of viscous domains and the other for homogeneous mem-
brane. An increasing amount of viscous domains (i.e. heterogeneities)
leads to a shift toward higher diffusion times and simultaneously a
broadening of the distribution. These results clearly indicate that we
can link the proportion of viscous areas with the increasing mean
value and standard deviation of the diffusion time distribution.
3.4. Inﬂuence of viscosity
20% of viscous boxes of increasing viscosity (from 0 to 1) were
randomly distributed in the simulation windows. Fig. 7(c) shows
the relative variation of mean value and standard deviation of diffu-
sion time distributions depending on the domains viscosity.
Fig. 7(d) presents the two extreme distributions, one for 20% of
2484 P. Winckler et al. / Biochimica et Biophysica Acta 1818 (2012) 2477–2485impermeable domains and the other one for homogeneous membrane.
An increasing viscosity leads also to a right shift and a broadening of the
diffusion time distribution. This second result allows us to relate the vis-
cosity of viscous areas with the broadening and increasing mean value
of the ﬂuidity.
To conclude about the simulation Monte Carlo, it is very interest-
ing to note that Gumbel function (Eq. 5) ﬁts quite well the simulated
diffusion time distributions, as shown in Fig. 7(b) and (d). Thus, our
Monte Carlo simulation gives a reasonable justiﬁcation for using
Gumbel distribution, even if as we previously explained we cannot in-
troduce theoretically this ﬁtting function.4. Conclusion
FCS was used to monitor the membrane ﬂuidity distribution of
several cell lines. Measurements were conducted at the single cell
level, which enabled us to get a detailed overview of the plasma
membrane microviscosity distribution. The non-symmetric proﬁle of
the microﬂuidity distribution appears to be a typical feature of any
cellular plasma membrane, as highlighted in Fig. 6. Moreover, the
broadening and the skewness toward longer times of distributions
of each cell line seem to be consistent with the heterogeneous nature
of plasma membrane. Indeed, if one mixes a lot of different various
viscous domains, to reproduce numerically a typical plasma mem-
brane, our Monte Carlo simulations suggest that diffusion time distri-
bution becomes broader and broader and more and more shifted to
the long time scale. A reasonable explanation thanks to these Monte
Carlo simulations, is that small heterogeneities of the plasma mem-
brane in terms of viscous microdomains can play a signiﬁcant role
to explain the shape of ﬂuidity distribution. Even if we have to be
careful regarding our conclusions, because there obviously exists
other factors which can affect the plasma membrane ﬂuidity (adhe-
sion for example), it is very enticing to consider that the diffusion
time distribution is linked (totally or partially) to the plasma mem-
brane organization. In a previous published work, we have shown
on LR73 cells the effects of two well-known plasma membrane ﬂuid-
ity modulators: benzyl alcohol and cyclosporin-A, which corroborate
our interpretation [14]. As chloroform or detergents, benzyl alcohol
acts not speciﬁcally on the membrane by removing many compo-
nents, thus destroying its local organization. Benzyl alcohol enables
to increase the ﬂuidity of the plasma membrane, and as expected
we have observed simultaneously a strong decrease of the average
viscosity (i.e. a decrease of 〈τ2Dfree〉), and a strong reduction of the
diffusion-time distribution width (i.e. a decrease of 〈στ2Dfree〉) [14]. On
the other hand, cyclosporin-A is known to decrease the level of the
enzyme glucosylceramide synthase, and so inhibits the synthesis path-
way of glycosphingolipids, which is a component of rafts [30–33].
Consequently, at the opposite of the nonspeciﬁc action of benzyl alco-
hol, cyclosporin-A plays directly on rafts. Thus, we have established
with DDA that the effect of cyclosporin-A on diffusion time distribu-
tion is less marked than benzyl alcohol [14]. To continue in this way
and thus to conﬁrm these interpretations, we started experiments
on giant unilamellar vesicles to control very precisely the composi-
tion of the membrane. Nevertheless, if we compare data from
Table 3, plasma membranes of MCF7 and MDCKII cells are more vis-
cous and heterogeneous than these of LR73, KB3.1 and MESSA cells.
Thus we can deduce that these two cell lines probably present a high-
ly structured membrane than the other ones. Of course, this interpre-
tation needs to be conﬁrmed by using different techniques, such as
detergent extraction to analyze rafts proportions. However, these re-
sults underline the relevance of DDA as an innovative way to probe
indirectly plasma membrane organization of living cells. More inter-
estingly, such kind of FCS local measurements allow also to study
the inﬂuence of various parameters on plasma membrane micro-
organization, as for example the expression level of a transmembraneprotein implicated in multidrug resistance in cancer cells, such as P-
glycoprotein [34].
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